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Abstract. Accurate liver segmentation in computed tomography imaging is a
critical component of diagnostic workflows, surgical planning, and therapy
monitoring. Transformer architectures have recently reshaped medical image
analysis by providing global contextual modeling capabilities that exceed
those of traditional convolutional networks. This review synthesizes
Transformer-based liver segmentation models identified through a
PRISMA-guided literature search. The included models are systematically
categorized according to three principal axes: their architectural integration
strategy, the attention mechanism scope, and their inherent transformer
dimensionality. Performance comparisons across several benchmarks, LiTS,
3DIRCADDb, Synapse, and SLIVERO7, demonstrate that contemporary
approaches regularly achieve Dice similarity coefficients above 97%. In
addition, we analyze training practices, computational complexity, and design
trade-offs that influence model performance and clinical applicability. The
review concludes by highlighting persistent challenges and discussing
promising research avenues toward efficient, generalizable, and clinically
deployable Transformer-based liver segmentation systems.
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1 Introduction

The liver is a central organ in abdominal imaging, and its
accurate delineation on computed tomography (CT)
scans is essential for a wide range of clinical workflows,
including tumor assessment, surgical and transplant
planning, radiotherapy dose optimization, and
monitoring of therapeutic response [1]. Despite its
importance, manual segmentation of the liver remains
labor-intensive, time-consuming, and highly variable
across observers. These challenges are amplified in cases
with complex anatomical boundaries, low contrast
between adjacent organs, or substantial pathological
variation, underscoring the need for automated, reliable,
and clinically viable segmentation systems.

Deep learning has substantially advanced organ
segmentation over the past decade, with convolutional
neural networks (CNNs) becoming the dominant
paradigm [2]. Encoder-decoder architectures such as
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U-Net and its variants employ hierarchical feature
extraction to model local texture, boundaries, and spatial
structure. However, CNNss struggle to capture long-range
dependencies due to their inherently limited receptive
fields. In abdominal CT imaging, where differentiating
liver tissue from surrounding organs often relies on
global anatomical context, this limitation becomes a
major bottleneck. As a result, attention-based
architectures, particularly Transformers, have gained
traction as an alternative capable of explicitly modeling
global relationships.

Transformers introduce self-attention mechanisms
that enable flexible, non-local feature aggregation
independent of kernel size or depth, offering resolution-
invariant receptive fields and strengthened contextual
reasoning. Since the adaptation of Vision Transformers
(ViTs) [3] to imaging tasks, a broad spectrum of
Transformer-based liver segmentation models has
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emerged. These range from early CNN-Transformer
hybrids to fully Transformer-driven encoders, Swin-
inspired hierarchical designs, dual-branch networks that
separate global and local processing streams, and highly
efficient models applying linear attention or Mamba-
based state-space formulations.

The present work introduces a comprehensive,
review of Transformer-based liver segmentation models.
We provide a multi-dimensional taxonomy that reflects
the core factors shaping segmentation performance and
architectural behavior, enabling a unified interpretation
of the field’s evolution. This includes distinctions in
Architectural Integration Strategy, Attention Mechanism
Scope, and Transformer Dimensionality, three aspects
that fundamentally differentiate how Transformer
models process liver CT data.

This review makes several key contributions:

e A unified three-axis taxonomy for classifying
Transformer-based liver segmentation models, by
architectural integration strategy, attention mechanism
scope, and transformer dimensionality. This concise
framework enables systematic comparison of diverse
Transformer designs and clarifies how structural,
attentional, and dimensional choices shape model
performance and computational efficiency.

e A detailed comparative analysis of
segmentation performance across LiTS, 3DIRCADD,
Synapse, SLIVERO7, and other datasets, highlighting
accuracy trends and dataset-specific challenges.

e A systematic evaluation of training
methodologies, including loss functions, augmentation
pipelines, optimization strategies, and convergence
behavior, and their impact on generalization.

e A comprehensive assessment of computational
complexity, covering parameter counts, FLOPs, memory
demands, and inference speed to evaluate real-world
deployability.

e  Identification of persistent challenges and
promising future directions, including lightweight
Transformer designs, self-supervised and cross-domain
pretraining, foundation models, robust domain
adaptation, and clinically interpretable segmentation
systems.

Together, these contributions form a unified, task-
specific ~ synthesis of  Transformer-based liver
segmentation, offering a foundational reference for
researchers and practitioners while guiding future
advancements toward clinically deployable liver
segmentation systems.

The remainder of this paper is organized as follows.
Section 2 describes the PRISMA-compliant search
strategy, inclusion criteria, and data extraction
procedures used to compile the selected studies. Section
3 provides a brief primer on foundational Transformer
models relevant to medical image segmentation. Section
4, the core of the review, introduces the proposed three-
axis taxonomy and presents a detailed analysis of
architectural types, attention mechanisms, and data
dimensionality handling across existing Transformer-
based liver segmentation models. Section 5 synthesizes
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model performance on major benchmark datasets and
compares accuracy, robustness, and generalization
trends. Section 6 examines training pipelines,
optimization strategies, Section 7 analyses computational
complexity, highlighting trade-offs that influence clinical
feasibility. Section 8 discusses open challenges,
limitations, and outlines future research directions.
Finally, Section 9 concludes the review.

2 Search Strategy and Review
Methodology

A comprehensive and systematic literature search was
conducted to identify studies employing transformer-
based approaches for liver segmentation from CT
images. The review focused on studies published
between 2021 and 2026, a period that encompasses the
rapid development and adoption of transformer
architectures in medical image analysis. Major databases,
including IEEE Xplore, PubMed, Scopus, ScienceDirect,
and Google Scholar, were queried using combinations of
keywords such as “liver segmentation,” “transformer
network,” “vision transformer,” “self-attention,” and
“medical image segmentation.” Additional records were
retrieved from conference proceedings and manual
reference checks to ensure broad coverage of emerging
transformer architectures.

| Identification of studies via databases
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Fig. 1 PRISMA flow diagram of study selection for
transformer-based liver segmentation using CT images.

The initial search yielded 520 records, following
identification, duplicates were removed, resulting in
485 unique studies. These were screened based on titles
and abstracts to exclude papers not related to liver
segmentation, not employing transformer-based models,
or using other imaging modalities. A total of 317 studies
were excluded during this stage. The remaining
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168 articles underwent full-text assessment according to
predefined eligibility criteria. Studies were included if
they (1) focused on liver segmentation using CT imaging,
(2) incorporated transformer or transformer-augmented
architectures, and (3)reported quantitative liver
segmentation results. Studies lacking methodological
clarity, those focusing solely on liver tumors, or those
failing to provide liver segmentation outcomes were
excluded. The PRISMA flow process concluded with
75 studies meeting all inclusion criteria. These studies
form the final dataset for this review and constitute the
evidence base for the architectural taxonomy,
comparative performance analysis, and thematic
synthesis presented in subsequent sections. Fig. 1
presents the full PRISMA flow diagram, detailing the
number of records identified, screened, assessed for
eligibility, and ultimately included.

3 Background on Transformers for
Medical Image Segmentation

Transformers have become a major architectural
paradigm in deep learning due to their ability to model
global dependencies through self-attention. Unlike
CNNs, whose receptive fields grow gradually through
stacked layers, Transformers allow every token to
interact with all others, enabling instantaneous global
reasoning. This property is particularly advantageous in
medical image segmentation, where anatomical
structures span large spatial regions and boundaries may
be ambiguous or weak, as is common around the liver’s
interface with the stomach, diaphragm, and right kidney
in CT imaging. CNNs often struggle to capture such
long-range coherence, especially when the liver extends
across many axial slices or when local texture cues are
insufficient to distinguish boundaries. As a result, early
segmentation models integrated Transformers into CNN
bottlenecks, while more recent approaches employ fully
Transformer-driven  encoders, hierarchical Swin
Transformer modules, deformable attention, and efficient
linear-attention variants that now underpin many state-
of-the-art liver segmentation systems.

A major step toward adapting Transformers for vision
tasks was the introduction of the ViT [3], which
reformulates images as sequences of tokens analogous to
words in a sentence. In ViT, an input image is divided
into fixed-size non-overlapping patches (e.g., 16x16 or
32x32 pixels). Each patch is flattened and projected into
a learnable embedding vector, forming a token sequence.
Positional encodings are then added to retain spatial
ordering that would otherwise be lost during
tokenization. These tokens are passed through multiple
layers of multi-head self-attention and feed-forward
networks, enabling the model to capture global context
from the very first layer. This patch-based design has
been adopted widely in medical imaging, including liver
segmentation, where it supports both 2D slice-based and
3D volumetric tokenization strategies [4]. The ViT
framework provides a powerful foundation for global
structural reasoning, allowing liver segmentation models
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to integrate subtle anatomical relationships across distant
spatial locations while maintaining strong global shape
coherence. The basic architecture of ViT for liver
segmentation is shown in Fig. 2. The input CT image is
first split into small fixed size image patches, then each
patch is flattened, and finally projected into token
embeddings through a linear projection layer. Positional
embeddings are placed in addition to retain spatial
information prior to input to the Transformer encoder.
The encoder uses multi-head self-attention and feed-
forward layers to capture the global context information
throughout the images and model long-range
dependency. Finally, all feature representations are sent
to a decoder which is used to recover spatial information
and outputs the final liver segmentation mask at the pixel
level. This architecture is designed to combine the global
context modeling with dense prediction for medical
image segmentation tasks using Vision Transformers.
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Fig. 2 Generic architecture of a transformer-based liver
segmentation model.

4 Systematic Taxonomy of Vision
Transformer Models for
Liver Segmentation

Transformer-based liver segmentation has rapidly
evolved into a diverse ecosystem of architectures that
embody different strategies for integrating global
context, multi-scale representation, and computational
efficiency. To provide a coherent understanding of this
expanding design space, this section introduces a unified
taxonomy organized along three complementary
dimensions: 1. Architectural Integration Strategy, 2.
Attention Mechanism Scope, and 3. Transformer
Dimensionality. Together, these three perspectives offer
an integrated framework for analyzing how Transformer-
based liver segmentation models are constructed, how
their internal mechanisms operate, and why they achieve
their respective performance and efficiency profiles,
thereby enabling systematic comparison across current
segmentation system.
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4.1 Categorization by Architectural
Integration Strategy

The integration of ViTs into medical image segmentation
is a cornerstone of recent deep learning research,
fundamentally driven by the need to overcome the
intrinsic locality of traditional CNNs while retaining the
fidelity required for dense prediction tasks. Since
standard ViTs struggle with the fine-grained spatial
coherence essential for precise boundary delineation, the
most significant distinguishing factor among current
models is how the global self-attention mechanism is
strategically incorporated or adapted.

4.1.1 Hybrid Encoder-Decoder Models
(CNN-ViT Fusion)

Hybrid architectures have emerged as the dominant
paradigm by combining the complementary strengths of
CNNs and Transformers. CNNs provide strong local
inductive bias, enabling effective extraction of
hierarchical ~and fine-grained  features, while
Transformers excel at modeling long-range, non-local
dependencies.

4.1.1.1 Transformer-As-Bottleneck
Architectures

In this foundational configuration, the CNN operates as
the initial feature-extracting encoder, while the
Transformer block is strategically placed in the
network’s deepest layer, or bottleneck. The
Transformer’s primary function is to serve as a global
context module processing the compressed feature maps
before passing them to the CNN-based decoder.

The TransUNet [5] model by Chen et al. is the
seminal example, merging the U-Net architecture with
Transformers. The Transformer encodes tokenized
image patches derived from the CNN feature map to
extract global contexts. The decoder then upsamples
these encoded features, combining them with high-
resolution CNN features via skip connections to enable
precise localization. This concept proved highly
successful and inspired various extensions.

UNETR [6] reformulated the 3D medical image
segmentation task as a sequence-to-sequence problem,
utilizing a Transformer as the encoder to capture global
multi-scale information for the input volume.
TransBTSV2 [7] is another hybrid architecture that,
while using the encoder-decoder structure, focuses on
general 3D volumetric segmentation and enhances
efficiency by introducing a Deformable Bottleneck
Module to capture shape-aware local details alongside
the Transformer’s global context modeling.

Models like ResTransUNet [8] use a ResNet
backbone and incorporate a Standalone Transformer
Block in the bottleneck to capture long-range
dependencies effectively. Similarly, CotepRes-Net [9]
utilizes a contextual transformer (CoT) at the bottleneck
to constrain liver shape using global contextual
information. RDCTrans U-Net [10] introduced the
Transformer during down-sampling to increase the
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network’s overall perception and global understanding of
the image, thus boosting segmentation
accuracy [10-12].

4.1.1.2 Distributed Transformer Integration

This subclass of hybrid encoder-decoder architectures is
characterized by the architectural distribution of
Transformer components across multiple network stages,
rather than restricting them to a single bottleneck layer.
In these designs, Transformer modules are embedded
within decoder pathways, skip connections, or parallel
branches to progressively guide feature transformation
and fusion throughout the network. The primary
architectural objective is to reduce semantic disparity
between encoder and decoder representations while
preserving both global context and spatial precision.

Several models redesign skip connections to enable
structured interaction between convolutional and
Transformer-derived features. U-Transformer [13]
augments the standard U-Net topology by incorporating
Transformer modules within both encoding and decoding
paths, allowing encoder features to be selectively refined
before fusion. DAE-Former [14] and TransDAE [15]
further modify skip pathways by embedding
Transformer-based fusion units, ensuring that high-level
contextual information is consistently propagated to
spatially detailed decoder stages.

To address the computational challenges associated
with volumetric data, CoTr [16] adopts a deformable
Transformer architecture that is tightly integrated into the
network hierarchy, enabling selective long-range
interaction while maintaining scalability for high-
resolution 3D feature maps. Similarly, nnFormer [17]
replaces conventional skip concatenation with
Transformer-guided feature integration and interleaves
convolutional and Transformer blocks to better capture
volumetric structure.

Another prominent architectural trend within this
category is the use of multi-branch and dual-path designs.
MSHT [18] employs parallel CNN and Transformer
encoders to extract complementary local and global
representations, while ResTransUNet [19] introduces a
dual-path encoder with explicit cross-path feature
enhancement to transfer global contextual information
from the Transformer stream to the convolutional stream.
Architectures such as FUF-TransUNet [20] and
FFUNet [21] further refine this idea by redesigning skip
connections with dedicated feature fusion modules to
alleviate encoder—decoder semantic mismatch.

This group also includes models such as AFTer-
UNet [22], AD-DUNet [23], ScaleFormer [24], and
DCF-Net [25], which emphasize custom architectural
interactions between convolutional processing and
Transformer-based contextual modeling.

4.1.2 Hierarchical and Window-Based
Transformer Architectures

This category is characterised by architectural designs
that focus on computational efficiency and scalability,
which are necessary to handle high resolution two
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dimensional or volumetric three dimensional medical
data. These models are effective in overcoming quadratic
complexity of standard ViTs through the use of localized
attention.

The Swin Transformer [26] is the backbone that
characterizes this category, and its efficiency is defined
by constructing hierarchical feature maps and limiting
self-attention to non-overlapping local windows.

This structure is used in many state-of-the-art models,
such as SwinUNet with transformer skip-fusion [27] and
UNetFormer [28], which use the Swin Transformer-
based encoder in a U-Net form to effectively model long-
range dependencies and preserve spatial details. GWO-
SwinUNet [29] also optimizes this structure with a Gray
Wolf Optimization strategy.

To reduce the loss of feature map resolution,
HRSTNet [30] adopted the high-resolution network
(HRNet) architecture, substituting convolutional layers
with Swin Transformer blocks and continuously
exchanging feature map information across different
resolutions to maintain spatial precision.

D-Former [31] suggested a Dilated Transformer,
which switches between local and global self-attention in
a dilated fashion, namely, decreasing computational
expenses of 3D image segmentation. PVTFormer [32] is
based on a Pyramid Vision Transformer (PVT) [33] as its
encoder, which builds a hierarchical backbone that
advances semantic features using a sophisticated feature
channel strategy. Other versions, including DHT-
Net [34], FE-SwinUper [35], SWTRU [36], MR-
Trans [37], ST-Unet [38] also focus on multi-scale
feature management and complementary local/global
aggregation in a hierarchical structure [39—41].

4.2 Categorization by Attention Mechanism
Scope

This classification is based on the operational core of the
Transformer, the seclf-attention mechanism, and the
extent to which it can be applied. This decision of
strategic design determines whether the model focuses on
capturing broad global relationship or focusing on finer
local details that would be required to make boundaries
specific.

4.2.1 Global Self-Attention

Global self-attention models make use of mechanisms in
which all input tokens or patches are permitted to interact
with all other tokens throughout the feature map. This
leads to the capture of long-range, comprehensive
dependencies, which is essential in determining the
contextual relationship of a large organ such as the liver
in the abdominal cavity or in correlation of distant
portions of large lesions.

This is the mechanism that is inherent to the original
ViT architecture and is common in the Transformer
blocks wused in the bottleneck of hybrid U-Net
architectures, including TransUNet [5, 42] and its 3D
counterpart UNETR [6]. These models directly use self-
attention mechanism to achieve global information
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between sequences, which address the inherent locality
constraints of CNNs.

Other models combine the global attention to boost
multi-scale feature interactions and contextual modeling:
TransBTSV2 [7] and RDCTrans U-Net [10] use the self-
attention mechanism to learn explicit long-distance
dependencies and obtain strong global context modeling of
volumetric segmentation. ScaleFormer [24] extracts row-
wise and column-wise global dependencies using a
lightweight Dual-Axis Multi-Head Self-Attention, which
pairs CNN-based local features with Transformer-based
global cues in each scale. TransDAE [15] and DAE-
Former [14] redefine self-attention to learn both the spatial
and channel relationship along the entire feature
dimension in an efficient manner.

MSHT [18] has parallel structure to obtain global
representations, whereas T-MPEDNet [43] employs a
dynamic attention mechanism to obtain long-range
contextual relationships, which supplements local detail
refinement. The TCI-UNet [44] specifically improves the
self-attention mechanism to strengthen the network’s
ability to capture global contextual information, a goal
also pursued by models like ICT-Net [45],
ResTransUNet  [8, 19], DSA-Former [46], and
DDTraMIS [47], emphasizing the ability to learn highly-
featured, extensive scaling information. MSLAU-
Net [48] integrates multi-scale linear attention and
TAMU-Net [49] employ multi-scale convolutional
attention into the encoder to aggregate contextual
information across multiple spatial scales. Several other
models, also employ standard global self-attention within
their transformer blocks to capture holistic contextual
information [50-53].

4.2.2 Local Window-Based Self-Attention

Local window-based self-attention was developed to
address the problem of computational and memory usage
of global self-attention on high-resolution 2D images or
3D volumes. This process makes attention computation
restricted to small, non-overlapping windows or patches,
which makes the computation of attention drastically
simpler, a quadratic computation instead of a linear one.

Architectures like those in SwWinUNETR [27-29] and
HRSTNet [30] utilize the Swin Transformer’s key
innovation: attention is calculated within local windows,
but a shifted window mechanism in successive layers
enables cross-window connectivity, thereby capturing
long-range dependencies while maintaining efficiency.
Models such as MR-trans [37] and ST-Unet [38]
incorporate the Swin Transformer approach to their
encoders in order to effectively capture long-range
dependencies across various resolution branches, and
thus preserve features at high-resolution.

Other approaches besides Swin bring local awareness
by custom attention mechanisms. For instance,
nnFormer [17] introduced local and global volume-based
self-attention ~ mechanisms, allowing interleaved
convolution and self-attention operations to learn
volumetric representations efficiently. D-Former [31]
introduced a Dilated Transformer that performs self-
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attention on both local and global scopes in a dilated
fashion, which minimizes the computational cost of 3D
processing. CiT-Net [54] and MESTrans [55] also make
use of local-aware components to extract discriminative
information adaptively in both global and local content.
Several other models, also employ local window and
branch based-attention within their transformer blocks
[56-58].

4.2.3 Attention Gating Mechanisms

Attention gating mechanisms are special purpose
modules that selectively refine or filter features, normally
in decoder or skip connections, to achieve better
localization and segmentation accuracy.

As an example, U-Transformer [13] uses a cross-
attention mechanism in the skip connections to screen out
non-semantic features so as to recover finer spatial
information. The skip path of DAE-Former [14] and
TransDAE [15] also deploys a cross-attention module to
improve the feature reusability and localization
capabilities.

FSS-ULivR [59] and Enhanced Swin-Transformer
Framework [60] introduce attention gates on the skip
connections in order to block out irrelevant background
features and emphasize features that are important to
small target segmentation, and have auxiliary Signed
Distance Map (SDM) regression to refine boundaries.

Other models incorporate attention so as to
concentrate on salient areas or fine-grained features.
DCF-Net [25] applies the Channel-Adaptive Sparse
Attention (CASA) module to filter critical features and
attend to anatomically significant regions, MS-
DCFEN [61] employs attentiaon gates in the decoder and
AD2Former [62] applies a channel attention module in
the dual decoder to eliminate redundant feature
information. EPT-Net [63] uses Edge Weight Guidance
module to derive detailed edge information out of low-
level features, which is essential in boundary delineation.
Several other models, also apply gated attention within
their transformer blocks [64—67].

4.3 Categorization by Transformer
Dimensionality

The dimensionality of input data i.e. whether the network
is being used to process a single two-dimensional slice or
the entire three-dimensional volume is a critical design
axis of Transformer models in medical imaging.

4.3.1 2D or 2.5D Transformer Integration

These models are faster and more efficient by using the
Transformer mechanism on each 2D axial slice, or a
small stack of adjacent slices (2.5D). This method takes
advantage of the increased resolution of a single slice
plane, and requires much less memory usage than a 3D
implementation. The major weakness, however, is that it
is hard to capture essential inter-slice continuity and the
3D morphological context of the entire organ as a whole.

Basic architecture such as TransUNet [5, 8] and
TransClaw U-Net [42] is usually implemented on 2D
slice processing which uses the Transformer block to
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extract the global context in the slice plane. The idea has
been applied to more recent versions like
TransU2-Net [11] and CASTformer [68] that are used in
2D medical image segmentation.

Models such as ScaleFormer [24] and TransDAE [15]
address the issue of solving intra-scale problems, where
the architectures build dual-axis attention mechanisms to
extract local and global information in every scale of the
2D feature map. Other papers in this efficient slice-based
category are MR-trans [37], HRSTNet [30],
C-PTransUNet [69], IB-TransUNet [12], DAE-Former
[14], and a wide variety of custom hybrid designs [70-75].

4.3.2 True 3D Volumetric Transformer
Integration

True 3D models are designed to handle the complete end-
to-end volumetric scan. They do this by employing 3D
patch embedding and 3D self-attention to explicitly learn
inter-slice dependencies that is important in the
production of anatomically coherent and highly accurate
segmentation of complex organs such as the liver,
particularly at boundaries.

Architectures like nnFormer [17] and UNETR [6]
were specifically trained as 3D transformers to segment
medical image volumes, and present the task as a
sequence-to-sequence prediction task with 3D volumes.
TransBTSV2 [7] and D-Former [31] are also concerned
with general medical image volumetric segmentation and
3D medical image segmentation, respectively, and utilize
Transformer parts to obtain global context throughout the
volume.

The models such as UNetFormer [28] use a 3D Swin
Transformer-based encoder to support hierarchical,
window-based processing to reduce the computational
costs formerly linked with global 3D self-attention.
TDFormer [76] is a Transformer based on the 3D
Medical Image Segmentation with a spatially adaptive
token generation scheme, which allows the computation
to be concentrated on the important regions of the
volume.

Several models explicitly highlight their 3D feature
integration: AFTer-UNet [22] considers both intra-slice
and inter-slice long-range cues; MDCF_Net [77] extracts
both intra-slice and inter-slice information and proposes
a feature map stacking approach to perceive 3D features;
and HResFormer [78] is a Hybrid Residual Transformer
for 3D medical image segmentation that fuses inner-slice
information (from 2D Transformers) and inter-slice
information (from 3D volumes). Others specifically
aimed at 3D work are CoTr [16], MSHT [18], pure
transformer model [41], 3D TransUNet [64], EPT-Net
[63], Fed3D-KDNet [79], and TDFormer [76].

The taxonomy shows that the evolution of
Transformers to liver segmentation is characterized by
customized engineering responses to medical data
challenges. The prevalence of Hybrid Encoder-Decoder
Models proves the need to integrate the strong local
inductive bias of CNNs with the global context modeling
of ViTs. In addition, the domination of the Local
Window-Based Self-Attention scope and the unceasing
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creation of True 3D Volumetric Integration highlight the
twofold necessity of efficiency and anatomical integrity
in the clinical use.

5 Performance Evaluation of
Transformer-Based Liver Segmentation
Models

Transformer-based liver segmentation models have been
widely tested on a wide range of benchmark CT datasets,
such as LiTS, MSD Liver, 3DIRCADb, SLIVERO07,
CHAOS, Synapse/BTCV, and a number of private or
institution-specific datasets. These datasets differ
significantly in terms of the acquisition parameters,
annotation procedures, and clinical properties, and hence
offer a complete foundation to evaluate the strength and
generalization abilities of various architectures. Dice
coefficient, Jaccard/IoU, accuracy, and geometric
measures including Hausdorff Distance (HD/HD95),
Relative Volume Difference (RVD/RAVD), Volume

doi: 10.18287/IBPE26.12.040201

Overlap Error (VOE), Average Symmetric Surface
Distance (ASSD), and Root Mean Square Surface
Distance (RMSD) are usually used to report the
performance. Collectively, these metrics generate not
only the pixel-wise agreement but also the geometric
accuracy needed to be acceptable by clinical standards,
especially in preoperative planning and tumor
assessment. Tables 1 to 4 summarize the quantitative
performance of representative transformer-based and
hybrid CNN-Transformer models for liver segmentation
across widely used CT datasets, including 3DIRCADD,
LiTS, Synapse, BTCV, CHAOS, MSD Liver, and
SLIVERO7. The comparison includes Dice, Jaccard/IoU,
accuracy, and other evaluation metrics, providing an
overview of current state-of-the-art methods.

Table 1 compares the performance of recent
transformer-based liver segmentation models on
3DIRCADb. Most methods achieved Dice scores above
95%, demonstrating the effectiveness of transformer-
based feature learning.

Table 1 Quantitative performance comparison of transformer-based liver segmentation models on the

3DIRCADbD dataset.

Dice

Jaccard/IoU  Accuracy Other

Author Model Dataset (%) (%) Measures Year
HD95: 2.08,
. VOE:5.86,
Li et al. [34] DHT-Net 3DIRCADb  97.11 ASSDO63, 2023
RMSD:1.46
VOE:6.02,
Ouetal. [19]  ResTransUNet 3DIRCADb  96.46 Rp\i ]_39;01'24’ 2024
Re:97.67
HD: 2.00,
ei‘lmEgrg] Sﬁ?&et 3DIRCADb  98.70 97.70 - RVD: 0.01, 2024
- ASSD: 0.01
HD: 3.62,
Qi et al. [23] AD-DUNet  3DIRCADb  97.75 95.83 - Pr: 97.50, 2024
Sen: 98.02
VOE: 2.00,
Agarwal RVD: 0.00,
stal. [61] MS-DCFEN  3DIRCADb  87.10 87.60 - ASSD217, 2024
MSSD: 7.07
Debnath FSS-ULivR ~ 3DIRCADb  95.43 92.20 - Spe:93.81 2025
et al. [59]
Anwar et al. [8] ResTransUNet  3DIRCADb 98.40 96.80 99.70 Re: 98.40 2025
e?;“t[jg] ICT-Net 3DIRCADb  97.34 94.82 99.62 HD95:3.94 2025
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Jiang et al. [40]

Wang et al. [66]

Raghaw
et al. [43]

Goceri [58]

Goceri [58]

Improved
SwinUNet

HyborNet

T-MPEDNet

Hybrid
Attention-
Based Deep
Learning
Model

Hybrid
Attention-
Based Deep
Learning
Model

3DIRCADbD

3DIRCADb

3DIRCADbD

3DIRCADbD

3DIRCADbD
+ LiTS
(combined)

96.10

96.86

98.30

98.37

98.53

92.83

92.12

94.8

95.27

95.83

97.1

VOE: 7.17,
RVD: 0.44,
ASD: 0.27,
HD95: 0.77

Re: 95.14
RAVD: 0.06
ASSD: 1.46
MSD: 6.19

HD: 3.7

2025

2025

2025

2025

2025

Abbreviations: HD/HD95 — Hausdorff Distance, VOE — Volume Overlap Error, ASSD — Average Symmetric Surface
Distance, RMSD — Root Mean Square Surface Distance, RVD/RAVD — Relative Volume Difference, Pr — Precision,
Re — Recall, Sen — Sensitivity, MSD — Mean Surface Distance, Spe — Specificity, ASD — Average Surface Distance.

Table 2 Quantitative performance comparison of transformer-based liver segmentation models on the LiTS dataset.

Dice Jaccard/IoU Accuracy Other
Author Model Dataset (%) (%) (%) Measures Year
. Transformer- . Pr:93.76,
Demir et al. [50] GAN LiTS 94.33 Re:95.15 2022
. Transformer- . Pr:95.39,
Demir et al. [50] CycleGAN LiTS 93.59 Re:92.05 2022
You et al. [68] CASTformer LiTS 95.88 2022
. RDCTrans U- . Pr: 88.6,
Li & Ma [10] Net LiTS 93.38 89.22 98.91 Re- 98 89 2022
Lietal. [7] TransBTSV2 LiTS 96.60 2022
HD95: 1.75,
VOE:6.70,
Lietal. [34] DHT-Net LiTS 97.0 RVD:0.90, 2023
ASSD: 1.12,
RMSD: 2.58
. . VOE: 6.5,
Jiang et al. [77] MDCF_Net LiTS 96.8 RVD: 0,007 2023
Bian et al. [44] TCI-UNet LiTS 93.92 89.95 Sen: 94.62 2023
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Table 2 (Cont.)

VOE:9.46,
96.82 RVD:1.38,
+1.22 ASD :2.21,
RMSD:36.08

Lei et al. [54] CiT-Net-B LiTS 2023

VOE-:8.04,
RVD: -0.07,
Pr: 95.02,
Re: 96.61

Ou et al. [19] ResTransUNet LiTS 95.35 2024

HD: 3.44,
Qi etal. [23] AD-DUNet LiTS 97.08 95.04 - Pr: 97.07, 2024
Se: 97.38

VOE: 19.80,

Agarwal . RVD: 0.01,
etal. [61] MS-DCFEN LiTS 86.40 88.30 - ASSD: 033, 2024

RMSSD: 1.07

VOE: 5.78,

. RAVD: 0.39,
Zhu et al. [9] CotepRes-Net LiTS 96.88 94.22 - ASSD: 1.09, 2024

MSSD: 16.08

. . VOE: 6.00,
Qin et al. [46] DSA-Former LiTS 96.80 93.80 - HD95- 15.23 2024

. VOE: 7.34,
Zhang et al. [81] g‘;iﬁ%ﬁ‘ﬁ;‘;t LITS 9256 - HDO5: 28.09, 2024

RMSD: 10.61
Debnath FSS-ULivR LiTS  98.94 97.44 - Spe: 93.78 2025
et al. [59]
VOE: 8.01,
. . RVD: -3.09,
Xia et al. [74] TULTS-Net LiTS 95.57 - ASSD: 2.11, 2025
RMSD: 3.08
Anwar et al. [8]  ResTransUNet LiTS 98.30 96.60 99.70 Re: 98.50 2025
Clinton ICT-Net LITS  97.62 95.36 99.62 HD95:2.90 2025
et al. [45]
VOE: 8.16,
Jiang et al. [40] é&ﬁf&vﬁi LiTS  95.59 91.84 1%%,50'5511’ 2025
HD95: 1.25
Re: 93.14
Wang etal. [66]  HyborNet LITS  95.82 91.34 - i’;gg} ?'525 2025
MSD: 8.18
Raghaw T-MPEDNet LiTS  97.60 95.6 98.2 HD: 3.1 2025
et al. [43]
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Table 2 (Cont.)
Hybrid
Goceri[s§] ~ Attention-Based ) .pg g 5 95.83 2025
Deep Learning
Model
TPR: 96.01,
. . VOE: 8.52,
Niu et al. [82] CFM-UNet LiTS 95.41 RVD: 0.70, 2025
ASSD: 0.95
IS‘ILTIEIE Pr: 95.53
Zhang et al. [49] TAMU-Net 96.46 96.49 99.84 Re: 97.39 2025
RO7+ MPA: 98.64
CHAOS o
I§1LT1§/E VOE:5.54,
Zhang et al. [49] TAMU-Net(3D) RO7 + 97.15 94.46 99.84 RVD: 1.88, 2025
CHAOS ASD: 4.30
VOE: 7.52,
DA- . RVD: -1.02,
Wang et al. [83] TransResUNet LiTS 97.79 ASD: 7.97. 2026
MSD: 37.58
. . VOE: 7.76,
Liu et al. [84] LWT-Net LiTS 95.96 92.24 RVD: 3.88 2026
. . VOE: 10.64,
Ding et al. [86] CTCSANet LiTS 94 .4 HD- 1064 2026

Abbreviations: Pr — Precision, Re — Recall, HD/HD95 — Hausdorff Distance, VOE — Volume Overlap Error,
RVD/RAVD — Relative Volume Difference, ASSD — Average Symmetric Surface Distance, RMSD — Root Mean Square
Surface Distance, Sen — Sensitivity, ASD — Average Surface Distance, RMSSD — Root Mean Square Symmetric Surface
Distance, MSSD — Mean Symmetric Surface Distance, MSD — Mean Surface Distance, TRP — True Positive Rate,

MPA — Mean Pixel Accuracy.

Table 2 summarizes segmentation results on the LiTS
benchmark dataset. Recent models achieved Dice scores
exceeding 97%, indicating significant improvements in
segmentation accuracy through transformer-based
architectures.

Table 3 presents liver segmentation performance on
the Synapse dataset. Most transformer models achieved
Dice scores above 94%, highlighting the strong
capability of attention mechanisms for accurate multi-
organ and liver segmentation tasks.

Table 4 reports results on datasets including BTCV,
CHAOS, MSD Liver, SLIVER07, FLARE22, and CT-
ORG. The consistently high Dice scores demonstrate the
robustness and generalizability of transformer-based
approaches across diverse liver CT datasets.

The Dice scores of the models surveyed are typically
in the range of 93% to almost 99% and the best
performing architectures have a consistently good
performance on various datasets. The initial models like
TransUNet [5], CoTr [16], U-Net Transformer [13] and
TransClaw U-Net [42] have Dice values ranging in the

J of Biomedical Photonics & Eng 12(3) 2026
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mid to 90s, which proves the immediate advantage of
incorporating attention mechanisms into the regular CNN
pipelines. Competitive performance is demonstrated in
hybrid architecture models like Transformer-GAN [50],
AFTer-UNet [22], RDCTrans-UNet [10], and
FFUNet [21] with further improvements possible with
the addition of adversarial learning or feature-fusion
modules.

More recent models that use full or partial
Transformer encoders (e.g. UNETR [6], nnFormer [17],
3D TransUNet [64], TransBTSV2 [7], DHT-Net [34])
are always reported to have a Dice score above 96-97,
indicating the benefit of global 3D context modeling.
Most of these models also show very low surface based
errors (ASSD < 1 mm and HD95 below 5 mm) implying
anatomically accurate delineation of boundaries. It is
worth noting that, CotepRes-Net [9], AD-DUNet [23],
T-MPEDNet [43], and TAMU-Net [49] show better
geometrical accuracy on datasets like LiTS, 3DIRCADbD
and SLIVERO7, indicating the advantage of attention-
directed multi-resolution fusion.
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Table 3 Quantitative performance comparison of transformer-based liver segmentation models on the Synapse (liver)
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dataset.
Author Model Dataset Dice (%) M(e)::fll:es Year
Chen et al. [5] TransUNet Synapse (Liver) 94.08 - 2021
Zhou et al. [17] nnFormer Synapse (Liver) 96.84 2021
Chang et al. [42] TransClaw U-Net Synapse (Liver) 94.28 2021
Lietal. [71] GPA-TUNet Synapse (Liver) 94.84 2022
Huang et al. [24] ScaleFormer Synapse (Liver) 95.12 2022
Xie et al. [21] FFUNet Synapse (Liver) 94.30 2022
Liu et al. [72] TransUNet+ Synapse (Liver) 94.20 2022
Yan et al. [22] AFTer-UNet Synapse (Liver) / BCV 92.20 2022
Zou et al. [37] MR-Trans-T Synapse (Liver) 93.18 2023
Zou et al. [37] MR-Trans-S Synapse (Liver) 96.39 2023
Chen et al. [64] 3D TransUNet Synapse (Liver) 97.03 2023
Wang et al. [69] C-PT model Synapse (Liver) 95.28 2023
Liu et al. [55] MESTrans Synapse (Liver) 93.84 2023
Yuan et al. [73] CTC-Net Synapse (Liver) 93.78 2023
Zhang et al. [38] ST-UNet Synapse (Liver) 95.13 2023
Sun et al. [56] DSGA-Net Synapse (Liver) 95.76 2023
Huang et al. [57] MISSFormer Synapse (Liver) 94.41 2023
Zhu et al. [52] FC-UNETTR Synapse (Liver) 95.98 2024
Azad et al. [15] TransDAE Sy“apsfi(VErTCV) - 94.85 2024
Lu et al. [53] EViM;ITyrgﬁzfomer Synapse (Liver) 95.18 2025
Zhang et al. [62] AD2Former Synapse (Liver) 95.16 2025
Chen et al. [25] DCF-Net Synapse (Liver) 95.25 2025
Lan et al. [48] MSLAU-Net Synapse (Liver) 94.82 2025
Chen et al. [85] MDCT-Unet Synapse (Liver) 95.03 Vgg:: ]725319’ 2026
Ding et al. [86] CTCSANet Synapse (Liver) 83.32 Vgg: 1725319’ 2026

Abbreviations: VOE — Volume Overlap Error, HD — Hausdorff Distance, BCV — Beyond the Cranial Vault,

BTCV - Beyond the Cranial Vault dataset.
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Table 4 Quantitative performance comparison of transformer-based liver segmentation models on other public and private

datasets.
. Jaccard/IoU  Accuracy Other
0
Author Model Dataset Dice (%) (%) (%) Measures Year
Petit et al. [13] U-Net IMO (CT) 97.03 2021
Transformer
Xie et al. [16] CoTr BCV 97.1 2021
Hatamizadeh o iponer  MSD Liver  95.73 - _ HD:7.68 2022
et al. [28]
Hatamizadch UNETR BTCV 97.1 2022
et al. [6]
Zhang et al. [36] SWTRU CHLISC 97.2 94.9 - RzAS\%): 2022
Weietal. [30]  HRSTNet-3 MSD Liver 82.40 2023
. . Sen: 96.04
2_ B
Lietal [11] TransU?-Net MSD Liver 96.24 92.81 99.59 HD95: 451 2023
Yang et al. [63] EPT-Net BCV 97.03 2023
VOE:7.80,
RVD:0.23,
Ouetal. [19] ResTransUNet SLIVERO7 95.72 Pr: 95.24, 2024
Re:96.16
VOE:7.88,
RVD:0.26,
Ouetal. [19] ResTransUNet CHAOS 95.49 Pr: 95.38, 2024
Re:96.43
HD: 1.90,
eé‘f‘?;g] S&?U?\'Iet CHAOS 98.80 97.90 . RVD: 0.01, 2024
: ASSD: 0.08
Weighted .
Guetal. [51] Medical CT Liver 79.41 98.49 F1:88.48 2024
Dataset
Transformer
Raghaw T-MPEDNet ATLAS 92.3 90.4 95.7 HD:7.8 2025
et al. [43]
VOE: 5.53,
. RVD: -1.57,
Xiaetal. [74]  TULTS-Net SLIVER07 97.18 - ASSD: 182, 2025
RMSD: 2.84
Alzubi & BTCV
Mukhtar [79]  FE3DKDNet ol oy 9795 2025
Clinton CCH-LHCC- .
ot al. [45] ICT-Net o1 96.06 92.42 99.26 HD95:4.52 2025
Clinton ICT-Net CHAOS 98.02 96.13 99.63 HD95:2.49 2025
et al. [45]
Debnath FSS-ULivR CRLM 92.98 90.16 - Spe:95.93 2025
etal. [59]
Debnath FSS-ULivR ~ MSD Liver  94.05 90.94 - Spe: 9271 2025
etal. [59]
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Table 4 (Cont.)
Brun U-Net
t;‘ ngg] (Residual + Private 92 88 93.05 2025
ctal Explainability)
Debnath FSS-ULivR CT-ORG 90.72 86.47 - Spe: 94.85 2025
etal. [59]
Liuctal [84]  LWT-Net FLARE22 95.97 92.43 \égg‘&%’ 2026
Liuctal [84]  LWT-Net WORD 97.15 94.46 };3%,52%47’ 2026
Dingctal [86]  CTCSANet ~ MSD Liver  92.68 Vgg{ 1725'319’ 2026
VOE: 15.1,
DA- RVD: 1.10,
Wangetal. [83] . o0 SLIVEROT 91.79 ASD. 845, 2026
MSD: 98.51

Abbreviations: HD/HD95 — Hausdorff Distance, RVD/RAVD — Relative Volume Difference, Sen — Sensitivity,
VOE - Volume Overlap Error, Pr — Precision, Re — Recall, ASSD — Average Symmetric Surface Distance, RMSD — Root
Mean Square Surface Distance, Spe — Specificity, ASD — Average Surface Distance, MSD — Mean Surface Distance.
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Fig. 3 Comparison of Dice scores achieved by transformer-based liver segmentation models across multiple benchmark

datasets.

Other recent architectures that use Swin
Transformers, hierarchical attention, and Mamba state-
space modules also show good performance. Improved
SwinUNet [40], HyborNet [66], DCF-Net [25], CFM-
UNet [82], and MSLAU-Net [48] models also
demonstrate the ability of hierarchical and efficient
attention to achieve high performance with limited
computational costs. Variants based on state-space
(EViM [53], MSDCFEN [61], and Mamba-based models
[61-80]) are promising and have moderate Dice scores
but better computational efficiency, which represents a
significant new direction.

Architectural generalization is presented by models
tested on various datasets. As an example,
ResTransUNet [19], T-MPEDNet [43], ICT-Net [45],
and FSS-ULivR are all robust to scanner type, contrast
phase, and pathology distribution with high Dice across
LiTS, 3DIRCADb, CHAOS, ATLAS, CRLM and CT-
ORG. These findings support the significance of the
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flexibility of architecture, multi-scale design, and high
levels of interaction between global and local features in
ensuring consistent clinical performance.

Figure 3 provides a comparative study of the Dice
similarity coefficients reported by recent transformer-
based liver segmentation models on commonly used
benchmark datasets, such as LiTS, Synapse, BTCV,
3DIRCADb, CHAOS, and MSD Liver. The visualisation
puts emphasis on the general trends of performance as
well as the dataset-specific differences between models.
The findings show that although a number of models are
able to attain Dice scores greater than 95, there is still
variation in performance based on the characteristics of
the dataset and experimental conditions. This comparison
highlights that transformer-based architectures are
successful in liver segmentation in addition to
highlighting the importance of standardized comparisons
across datasets.
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WO,{H\R[ZZ

Sliver07

CHAOS

CHLISC

BTCV

IMO (CT)

3DIRCADb
4.9%

MSD Liver

2.458‘4%.‘*

2.4%
2.4%

2.4%
2.4%

31.7%

LTS

Synapse (Liver)

34.1%

Fig. 4 Distribution of benchmark datasets used in
transformer-based liver segmentation.

Figure 4 shows how benchmark datasets have been
distributed in transformer-based liver segmentation

doi: 10.18287/IBPE26.12.040201

studies. Through the analysis it is found that the majority
of the publicly available datasets dominate the analysis
with a majority of the experimental evaluations being
under Synapse and LiTS. Other datasets including
CHAOS, BtcV and MSD Liver are on the other hand
relatively underrepresented, which implies that there is
limited cross-dataset validation. This disparity
underscores the importance of having more diversity of
datasets so that the generalizability of transformer-based
segmentation models can be better evaluated.

6 Training Configuration and
Optimization Strategies

Training pipelines for Transformer-based liver
segmentation models vary widely across studies,
reflecting differences in architectural depth, input
dimensionality, and computational constraints. Table 5
reports the loss functions, optimization strategies,
learning rates, training duration, and batch sizes adopted
by transformer models for CT-based liver segmentation.

Table 5 Summary of training configurations for transformer-based liver segmentation models.

Author Model Loss Optimizer Leﬁgltling Epochs Bsaitzceh
Zhou et al. [17] nnFormer Cross-Entropy + Dice SGD 0.01 1000 2
Xie et al. [16] CoTr Cross-Entropy + Dice SGD 0.01 1000 2
Petitetal [13] OO Adam 0.0001
Chang et al.[42] Tranﬁi‘w U- Cross-Entropy SGD 0.01 150 2
Hatamizadeh UNETR Cross-Entropy + Dice AdamW 0.0001 . 20’0.00 6
et al. [6] iterations
Demiretal.[S0] ' SoTmer Adam 0.0002
Hz‘t[a;?i[z;él]e h UNetFormer Cross-Entropy + Dice 0.0002 500 1
Youetal [68]  CASTformer ~ CC 7D i"é;f WGAN- AdamW 0.0005 300 6
Yan et al. [22] AFTer-UNet Cross-Entropy + Dice Adam 0.0001 550
Zhang et al.[36] SWTRU Cross-Entropy RMSprop 0.0001 200 16
Li & Ma [10] R%Clgrgns Cross-Entropy SGD 100 2
Lietal. [7] TransBTSV2 Softmax Dice + L2 Adam 0.002 6000 16
Lietal. [71] GPA-TUNet Cross-Entropy + Dice SGD 0.01 20k iterations 12
Huang et al.[24] ScaleFormer Cross-Entropy + Dice SGD 0.003 600 8
Xie et al. [21] FFUNet Cross-Entropy + Dice SGD 24
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Liu et al. [72]

Lietal. [34]
Jiang et al. [77]

Zou et al. [37]

Zou et al. [37]

Wei et al. [30]

Chen et al. [64]

Yang et al. [63]
Wang et al. [69]
Lietal. [11]
Bian et al. [44]
Lei et al. [54]
Liu et al. [55]
Yuan et al. [73]

Zhang
et al. [38]

Sun et al. [56]

Huang
etal. [57]

Ouetal. [19]

Kumar
et al. [29]

Guetal. [51]

Qietal. [23]

Agarwal
etal. [61]

Zhu et al. [9]

Debnath
etal. [59]
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TransUNet+

DHT-Net
MDCF_Net

MR-Trans-T

MR-Trans-S

HRSTNet-3

3D TransUNet

EPT-Net
C-PT model

TransU?-Net

TCI-UNet

CiT-Net-T /
CiT-Net-B

MESTrans

CTC-Net
ST-UNet
DSGA-Net
MISSFormer

ResTransUNet

GWO-
SwinUNet

Weighted
Medical
Transformer
(WMT)

AD-DUNet
MS-DCFEN

CotepRes-Net

FSS-ULivR

Weighted CE +
Weighted Dice

loss function designed
Cross-Entropy + Dice
multi-task

multi-task

Cross-Entropy + Dice

Cross-Entropy + Dice
(encoder-only);
Hungarian matching
loss (decoder tasks)

Cross-Entropy + Dice
Cross-Entropy + Dice

Cross-Entropy + Dice

Cross-Entropy
MSE + Dice
Cross-Entropy + Dice

Cross-Entropy + Dice

Cross-Entropy + Dice

Cross-Entropy + Dice

Cross-Entropy + Dice

Dice

Binary Cross-Entropy

Cross-Entropy + Dice
Focal Tversky

Cross-Entropy + Dice

Dice + Focal + Tversky
+ BCE

040201-15

SGD

SGD +
Momentum

AdamW

SGD

SGD

AdamW

SGD

SGD
SGD

Adam

Adam

Adam

SGD

SGD

SGD,

SGD

SGD

Adam

Adam

Adam

Adam

Adam

Adam

0.1

0.01

0.0002

0.0001

0.08

0.01

0.01

0.0003

0.0001

0.001

0.01

0.01

0.1

0.01

0.05

0.0001

0.0001

0.001

0.0002

0.0001

0.0001

0.001

500

100 iterations

85,000
iterations

127,500
iterations

1000
14k iterations

200

50

13,950
iterations

400

100

100

400

150

100

200

24

16

2 per
GPU

24

24

24

24

24

4

1
episode
per
batch
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Alzubi &
Mukhtar [79]

Xia et al. [74]
Qin et al. [46]
Azad et al. [15]

Zhang
etal. [81]

Zhu et al. [52]

Anwar et al. [8]

Clinton
et al. [45]

Jiang et al. [40]

Wang et al. [66]

Raghaw
et al. [43]

Goceri [58]

Zhang et al.
[49]

Brunese
et al. [80]

Lu et al. [53]
Zhang
et al. [62]
Niu et al. [82]
Chen et al. [25]
Lan et al. [48]

Wang et al. [83]

Liu et al. [84]

Chen et al. [85]

Ding et al. [86]
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Fed3D-KDNet
(3D
Transformer)

TULTS-Net
DSA-Former
TransDAE

Dual Attention-
based 3D U-Net

FC-UNETTR

ResTransUNet
ICT-Net

Improved
SwinUNet
(SFTB +
LCAB)

HyborNet
T-MPEDNet

Hybrid
Attention-
Based Deep
Learning
Model

TAMU-Net

U-Net
(Residual +
Grad-CAM

Explainability)

EViM—
Transformer
Hybrid
AD2Former

CFM-UNet
DCF-Net

MSLAU-Net

DA-
TransResUNet

LWT-Net
MDCT-Unet
CTCSANet

CE + Dice + KD

Tversky

Cross-Entropy + Dice

Tversky

Cross-Entropy + Dice

Binary Cross-Entropy

Binary Cross-Entropy

Focal + Dice

Cross-Entropy + Dice

Dice

Dice

Binary Cross-Entropy

Cross-Entropy + Dice

CE + Jaccard

Cross-Entropy + Dice

Cross-Entropy + Dice
Cross-Entropy + Dice

Cross-Entropy + Dice

Weighted Cross-
Entropy

Cross-Entropy + Dice
Cross-Entropy + Dice

Cross-Entropy + Dice

040201-16

SGD

Adam
SGD

Adam

SGD

Adam

Adam

Adam

Adam

Adam

Adam

Adam

Adam

SGD

SGD

Adam
SGD
SGD

Adam

Adam

SGD

0.01

0.0001
0.001
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Most methods adopt hybrid loss formulations, with
Cross-Entropy (CE) combined with Dice emerging as the
dominant choice across models [5, 6, 7, 16, 17, 24, 28,
42,71]. Several architectures incorporate more
specialized objectives: GAN-based losses [50]; weighted
CE/Dice [72]; multi-task learning [37, 64]; and
boundary-sensitive losses such as Tversky or Focal
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Tversky [61, 74, 81]. These formulations highlight a shift
toward loss functions that emphasize structural fidelity
and robustness to class imbalance. Figure 5 illustrates the
distribution of loss functions employed in transformer-
based liver segmentation studies.

Figure 6 presents the distribution of optimizer choices
across the surveyed transformer-based  liver
segmentation models. There is a significant difference in
optimization strategies as well across architectures. Older
hybrid models are usually based on SGD, especially
those that are trained at scale or with powerful data
augmentation [5, 17, 42, 55, 63, 69]. Transformer-
dominant and deeper hybrid networks, however, are more
inclined towards Adam or AdamW which are more stable
with the attention layers [6, 25, 34, 36, 43, 45, 66, 77].

There is an evident shift in the use of SGD based-
optimization in earlier hybrid models to Adam/AdamW
in more recent Transformer-dominant designs. This
change is related to the fact that attention layers are more
sensitive to gradient stability which is tangibly
advantageous with adaptive optimizers. Besides, the
decoupled weight decay implemented by AdamW is
especially appropriate to large ViT-style encoders, which
is why it is reused [6, 28, 30]. Stability of convergence is
architecture-dependent as the existence of SGD in multi-
stage models (e.g. nnFormer) or heavily augmented
models (e.g. CoTr) indicates.

Figure 7 shows the log-scale distribution of learning
rates reported across all surveyed models. Learning-rate
schedules range from fixed low values (1x107*to 3x1074)
in attention-heavy models to more aggressive settings in
SGD-based training (e.g., 0.01-0.1 in Refs. [13, 22, 57]).
Advanced LR strategies such as polynomial decay [17],
staged reductions [37], and cyclic ranges [49] are
increasingly adopted to improve convergence.

Figure 8 depicts the co-occurrence matrix between
simplified loss function categories and optimizer choices
across the surveyed models. The use of CE + Dice can be
found in both SGD and Adam-based approaches,
whereas Tversky, multi-task losses, and GAN-based
losses are mostly combined with Adam/AdamW. The
figure emphasizes systematic relationships between
architectural  design, optimization strategy and
formulation of losses. An obvious trend is observed
in the combination of loss functions and optimizers.
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Fig. 8 Co-occurrence matrix of simplified loss categories
and optimizers.

14 Oct 2026 © J-BPE



Kumar S. S. et al.: A Review of Transformer Models for Liver Segmentation from CT Images

Losses that need stable gradient behavior e.g. Tversky,
focal variants and adversarial objectives are nearly
universally trained with Adam or AdamW. Conversely,
SGD is recommended to be used in architectures that
adhere to classical UNet-like training dynamics or adopt
aggressive augmentation pipelines. This co-occurrence
study illustrates that the choice of the eclements of
optimization is not random, but rather, it is indicative of
more profound architectural and methodological
reasoning that exist throughout the literature on
Transformer segmentation.

The patterns of learning rate show that there are two
regimes that are consistent with optimizer choice. Models
that are transformer-centric and largely based on Adam
or AdamW use smaller learning rates in order to stabilize
the weights of attention and avoid divergence. Contrarily,
SGD-based algorithms, especially those with a large
amount of data augmentation or high regularization, train
well on large step sizes. This dual distribution highlights
how strongly architectural depth, optimizer choice, and
learning-rate scheduling are coupled.

Memory requirements determine the training time
and batch size to a large extent. Full 3D Transformers are
more likely to be trained with long training schedules,
including the 20,000-iteration regime [6], the 1000-epoch
regime [17, 63], and the large number of iterations
regime [37]. Small batch sizes (typically 2—8) are also
used by these models because volumetric self-attention is
computationally expensive. Conversely, lighter or 2D
hybrid networks [21, 49, 54, 59], have a larger batch size
(12-24) and shorter schedule (50-200 epochs),
indicating their smaller memory footprint.

Augmentation strategies are central to the
improvement of generalization between datasets that
have different acquisition protocols. The vast majority of
the studies use extensive geometric and intensity
augmentations, such as rotation, scaling, flipping,
cropping, modulating brightness and contrast, Gaussian
noise/blur, gamma correction, and low-resolution
simulation [16, 17, 45, 52, 64, 73]. Others combine CT-
specific  preprocessing, e¢.g. HU-windowing and
CLAHE [43], and others use MONALI pipelines [30]. It is
interesting to note that high-performing architectures,
including AD-DUNet [23], TransDAE [15], and the
Hybrid Attention model [58], perform well even when no
explicit augmentation is used, indicating that more
advanced architectural priors can be used to decrease the
reliance on heavy augmentations. Figure 9 presents a
heatmap of data augmentation strategies employed across
transformer-based liver segmentation models. Each
column corresponds to a specific augmentation type (e.g.,
rotation, scaling, contrast adjustment, Gaussian noise,
HU windowing), and each row represents a model.

In general, the training conditions in studies indicate
a number of trends. CE+Dice continues to be the
common optimization objective, but more modern
methods use boundary-aware or adversarial losses.
Transformer-rich models are dominated by Adam-based
optimizers, and SGD continues to be used in earlier
CNN-Transformer hybrids. The 3D self-attention models
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employ long training schedules with small batch sizes
and 2D or hierarchical-light models converge faster. The
use of augmentation is still prevalent, but there are recent
models that exhibit architectural robustness even without
augmentation. All these trends demonstrate that training
design is closely intertwined with architectural
complexity and keeps on changing along with the
progress of  next-generation  Transformer-based
segmentation networks.

The majority of models surveyed use fixed data splits
from  benchmark challenge protocols  (LiTS,
Synapse/BTCV, 3DIRCADDb), allowing for direct
comparisons but limited to performance on one partition
of the dataset. More robust methods involve cross-dataset
testing, such as ResTransUNet [19], FSS-ULivR [59]
and GWO-SwinUNet [29] do, and multi-site
internal/external validation. Often, overestimation is seen
because the test set is leaked in hyperparameter
tuning or best-epoch performance reporting, while
underestimation is seen if the model is applied to the test
set that has different HU windowing or annotation
protocols, but without preprocessing adaptation. These
are addressed by correctly separating the train set from
the validation set and test set, as well as by held-out
external evaluation, and by preprocessing the data in a
uniform way. In addition, using Dice score alone may be
misleading for poor boundary delineation, and using
complementary scores like HD95, ASSD, and VOE can
give a more complete and unbiased assessment of
performance.
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Fig. 9 Heatmap showing augmentation techniques
applied across models.

7 Computational Complexity and
Inference Efficiency

Computational efficiency is a critical factor in
determining the clinical suitability of Transformer-based
liver segmentation models. Table 6 compares model size
(parameters), computational cost (FLOPs), and runtime
performance (FPS or inference time) for representative
transformer and hybrid architectures reported in the
literature. Across the surveyed literature, model sizes
vary  substantially, ranging from lightweight
architectures such as AD-DUNet [23] to large-scale

14 Oct 2026 © J-BPE



Kumar S. S. et al.: A Review of Transformer Models for Liver Segmentation from CT Images

hybrids such as EViM [53]. Several high-performing
volumetric encoders fall between 30—120M parameters,
including UNETR [6], MR-Trans-T [37], MR-Trans-
S [37], and TransUNet+ [72]. These differences directly
influence memory consumption, latency, and the
feasibility of real-time clinical use.

The parameter distribution in Figure 10 highlights
substantial diversity in architectural scale. While early
hybrid models emphasized compactness, newer models
increasingly adopt deeper and wider Transformer blocks,
leading to parameter counts exceeding 100M. This
growth reflects the drive for richer global context
modeling but underscores challenges for real-time
deployment.

A comparison of FLOPs reveals similar variability.
High-cost models such as TransBTSV2 [7] and
HRSTNet-3 [30] suggest substantial per-volume
computational burden, whereas models like UNETR [6]
achieve lower FLOPs despite large parameter counts.
Inference speed, where available, further highlights
architectural efficiency differences: UNETR [6],
ResTransUNet [8], and TULTS-Net [74] demonstrate
that careful decoder design, token reduction, and
hierarchical attention can significantly improve runtime.
However, inconsistency in reporting FLOPs and FPS
across publications limits direct comparison.

doi: 10.18287/JBPE26.12.040201

Figure 11 illustrates the computational cost of
transformer-based liver segmentation models in terms of
floating-point operations (FLOPs). FLOPs per forward
pass vary markedly, from low-cost architectures such as
MSLAU-Net and HyborNet to highly compute-intensive
models such as HRSTNet-3 and TransBTSV2. FLOPs
reveal differences not captured by parameter counts
alone. Models such as TransBTSV2 demonstrate high
compute complexity despite moderate parameter size,
indicating the overhead of volumetric attention and deep
multi-scale decoders. FLOP efficiency is therefore an
essential consideration for deployment on standard GPUs
or CPUs.

For clinical deployment, including settings requiring
near-real-time response, both parameters and FLOPs
must be balanced with latency. Heavy volumetric
Transformers such as MR-Trans variants [37] require
high-end GPUs to achieve acceptable throughput,
whereas compact designs such as AD-DUNet [23],
TransBTSV2 [7], or moderate-scale hybrids like
HyborNet [66], ICT-Net [45], and DCF-Net [25] offer
more  favorable  accuracy—efficiency  trade-offs.
Architectures employing hierarchical window-based
attention (Swin-style) or patch merging generally show
better FLOPs-to-accuracy characteristics than global
full-resolution attention, which incurs quadratic cost.

Table 6 Computational complexity and efficiency of transformer-based liver segmentation models.

Author Model Year Params (M) FLOPs (G) InferleTlll)cSe/Time
Xie et al. [16] CoTr 2021 - -
Hatamizadeh et al. [6] UNETR 2022 92.58 41.19 12.08
Hatamizadeh et al. [28] UNetFormer 2022 58.96 149.50
Yan et al. [22] AFTer-UNet 2022 41.5
Zhang et al. [36] SWTRU 2022 31.0 543
Lietal. [7] TransBTSV2 2022 15.30 240.66
Liu et al. [72] TransUNet+ 2022 93.19 17.66
Lietal. [34] DHT-Net 2023 58.1
Jiang et al. [77] MDCF_Net 2023 41.5
Zou et al. [37] MR-Trans-T 2023 116.23
Zou et al. [37] MR-Trans-S 2023 177.24
Wei et al. [30] HRSTNet-3 2023 50.07 202.76
Zhou et al. [17] nnFormer 2023 37.6 119.3
Bian et al. [44] TCI-UNet 2023 33.41
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Table 6 (Cont.)
Lei et al. [54] CiT-Net-B 2023 21.24 13.29
Sun et al. [56] DSGA-Net 2023 37.26
Ou et al. [19] ResTransUNet 2024 53.75 22.51 65
Qi et al. [23] AD-DUNet 2024 4.24 41.99
Agarwal et al. [61] MS-DCFEN 2024 39.67 33.06
Alzubi & Mukhtar [79] Fed3D-KDNet 2025 26.53 371.30
Xia et al. [74] TULTS-Net 2025 39.56 22.77 63
Zhu et al. [52] FC-UNETTR 2024 24.50
Clinton et al. [45] ICT-Net 2025 47.30 17.86
Wang et al. [66] HyborNet 2025 28.55 15.22
Zhang et al. [49] TAMU-Net 2025 70.66 44.10
Lu et al. [53] EViM'HT;ﬁﬁsdf"”ner 2025 138.53 37.34
Chen et al. [25] DCF-Net 2025 42.02 18.47
Lan et al. [48] MSLAU-Net 2025 21.90 5.05
Liu et al. [84] LWT-Net 2026 38.32 2191.76
Ding et al. [86] CTCSANet 2026 49.54 86.54
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Fig. 10 Parameter Count across Transformer-Based Liver Segmentation Models.
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8 Challenges and Future Directions

Transformer-based liver segmentation has improved at
an impressive pace, but there are a number of critical
challenges that have restricted its strength and clinical
use. To begin with, most architectures, especially pure
Transformers and 3D hierarchical models, are still
computationally costly, with large memory footprints
and long inference times, limiting their application in
real-world radiology workflows. The lack of quality
annotated 3D liver datasets also limits the effectiveness
of the training, and the lack of domain consistency across
institutions due to differences in scanners, protocols, and
contrast phases also contributes to the domain shifts.
Transformers also have problems with fine scale
boundary details and small lesions when global
representation  overpowers  local  representation.
Moreover, interpretability is also a problem, since the
existing attention visualizations lack clinically-intuitive
explanations, which casts doubt on their reliability and
safety in low-contrast or ambiguous conditions.
Overcoming these limitations opens up some
promising directions of future research. Lightweight and
hardware-efficient Transformer variants, including
linear-attention models, hybrid CNN-Transformer
architectures, and state-space architectures based on
Mamba, provide a possibility of lowering the
computational cost without compromising accuracy.
Self-supervised pretraining, semi-supervised learning
and foundation model methods can address the problem
of annotation scarcity and improve generalization.
Domain adaptation techniques, such as harmonization,
adversarial learning, and style-transfer augmentation, can
enhance the robustness of heterogeneous datasets. The
incorporation of edge-awareness, deformable modeling,
or multi-resolution fusion can enhance the segmentation
of small regions and complex boundaries. Lastly,
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clinically interpretable Transformers, uncertainty
quantification, and real-time optimization will be
necessary to transform these models into research
prototypes and practical tools to be used in everyday liver
imaging processes.

9 Conclusion

Transformer architectures have inherently improved liver
segmentation of CT images through global context
modeling, adaptive receptive fields and more powerful
structural reasoning compared to traditional CNN-based
architectures. The review proposed a three-axis
taxonomy relying on architectural integration strategy,
attention  mechanism  scope, and transformer
dimensionality. This classification showed definite
evolutionary patterns of Architectural Integration
Strategy, the transition of early CNN-Transformer
hybrids to hierarchical, window-based architecture and
further development of dual-branch hybrid architecture
that explicitly isolates global and local feature
processing. In attention mechanism scope, models further
developed to deformable, local window-based, axial, and
linear-efficient models. Lastly in  Transformer
Dimensionality 2D slice-based approaches have been
greatly pushed to highly effective True 3D Volumetric
Integration, and there is an increasing focus on
anatomical continuity. On large benchmarks like LiTS,
3DIRCADDb, Synapse, CHAOS, and SLIVERO7, a
significant number of recent Transformer-based models
have Dice scores above 97, and this demonstrates the
success of such architectural inventions. In spite of these
significant gains, there are a number of obstacles that still
impede large-scale clinical adoption. Domain shift
between scanners and imaging protocols, a lack of
annotated 3D data, large memory requirements of
volumetric Transformers, and limited interpretability are
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all major issues. The future developments will demand
the combination of self-supervised and semi-supervised
learning, domain adaptation, uncertainty estimation, and
hardware-efficient design concepts. New directions such
as linear-efficient Transformers, Mamba-based state-
space models, multi-modal architectures, and foundation
models offer promising directions towards creating
models that are both accurate and computationally
practical and clinically trustworthy. As further progress

doi: 10.18287/IBPE26.12.040201

is made on these dimensions, Transformer-based liver
segmentation will become a fundamental part of the next-
generation computer-assisted liver imaging systems.
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